Abstract: Three-dimensional (3D) road maps have garnered significant attention recently because of applications such as autonomous driving. For 3D road maps to remain accurate and up-to-date, an appropriate updating method is crucial. However, there are currently no updating methods with both satisfactorily high frequency and accuracy. An effective strategy would be to frequently acquire point clouds from regular vehicles, and then take detailed measurements only where necessary. However, there are three challenges when using data from regular vehicles. First, the accuracy and density of the points are comparatively low. Second, the measurement ranges vary for different measurements. Third, tentative changes such as pedestrians must be discriminated from real changes. The method proposed in this paper consists of registration and change detection methods. We first prepare the synthetic data obtained from regular vehicles using mobile mapping system data as a base reference. We then apply our proposed change detection method, in which the occupancy grid method is integrated with Dempster-Shafer theory to deal with occlusions and tentative changes. The results show that the proposed method can detect road environment changes, and it is easy to find changed parts through visualization. The work contributes towards sustainable updates and applications of 3D road maps.
Introduction

Research Background
The applications of three-dimensional (3D) road maps have garnered significant attention in recent times. These maps express the geometrical shapes and structures in street environments as 3D objects. So far, most road maps are two-dimensional maps, and are used for navigation and road management. Recent developments in measurement technology, such as mobile mapping systems (MMS), can be used for transforming these two-dimensional maps into three-dimensional maps. An MMS is equipped with cameras and LASER (Light Amplification by Stimulated Emission of Radiation) scanners, and can easily and efficiently acquire 3D data on the street. 3D road maps are expected to facilitate applications in many fields. These maps will not only enhance driver navigation and road management, but also serve as base maps in disaster prevention and infrastructure management. The development of 3D maps is also keenly discussed in the field of autonomous driving because accurate and information-rich maps are needed for recognition, decision and operation, in order to replace the functions of human drivers. It is therefore appropriate that road maps for autonomous driving must contain information on dynamic and real-time street states, such as traffic accidents and road constructions [1] . Road maps expressing the street environment with 3D objects are important as base maps, and are being widely researched and discussed.
While MMS is generally considered an established means for constructing 3D road maps, people have now begun to discuss the maintenance of these maps. Map updating is important because 3D road maps contain much larger amounts of information than ordinary two-dimensional maps, and need to provide up-to-date information on the street environment for safety, especially in autonomous driving. The direct approach for keeping the map up to date is to build the road map repeatedly. In other words, the whole street area is measured by MMS and the map is rebuilt. This approach has the advantage of high accuracy, but is expensive, and obtaining point cloud data from MMS requires manual processes. Thus, the direct approach is prohibitive, and an alternative method is needed. A cost-saving alternative is to use the image or point cloud data from cheap sensors that regular vehicles are equipped with for supporting drivers and autonomous driving. It will be common in the near future for regular vehicles to have LASER scanners to scan the environment, when driver supporting systems or autonomous driving technology will be widespread. Thus, we would be able to easily obtain low cost point cloud data of the street environment if the data from regular vehicles is used. However, the data obtained from cheap sensors is not as accurate as that of MMS, and the updated map becomes a patchwork of data of varying accuracies.
As discussed above, a method to update three-dimensional maps that satisfactorily addresses both frequency and accuracy requirements has not yet been established, and a framework that combines the best of both these approaches is needed. We propose a two-step approach ( Figure 1 ). The changed locations are first detected using data from cheap sensors, and then detailed measurement is subsequently taken in those areas by using MMS. It will be possible to efficiently detect where changes in the road environment happen because data from regular vehicles can be frequently acquired, and the accuracy of the updated map would be consistent because MMS is used to acquire data for the map update. Thus, the proposed framework will contribute towards the sustainable updating of 3D road maps. and road constructions [1] . Road maps expressing the street environment with 3D objects are important as base maps, and are being widely researched and discussed. While MMS is generally considered an established means for constructing 3D road maps, people have now begun to discuss the maintenance of these maps. Map updating is important because 3D road maps contain much larger amounts of information than ordinary two-dimensional maps, and need to provide up-to-date information on the street environment for safety, especially in autonomous driving. The direct approach for keeping the map up to date is to build the road map repeatedly. In other words, the whole street area is measured by MMS and the map is rebuilt. This approach has the advantage of high accuracy, but is expensive, and obtaining point cloud data from MMS requires manual processes. Thus, the direct approach is prohibitive, and an alternative method is needed. A cost-saving alternative is to use the image or point cloud data from cheap sensors that regular vehicles are equipped with for supporting drivers and autonomous driving. It will be common in the near future for regular vehicles to have LASER scanners to scan the environment, when driver supporting systems or autonomous driving technology will be widespread. Thus, we would be able to easily obtain low cost point cloud data of the street environment if the data from regular vehicles is used. However, the data obtained from cheap sensors is not as accurate as that of MMS, and the updated map becomes a patchwork of data of varying accuracies.
As discussed above, a method to update three-dimensional maps that satisfactorily addresses both frequency and accuracy requirements has not yet been established, and a framework that combines the best of both these approaches is needed. We propose a two-step approach ( Figure 1 ). The changed locations are first detected using data from cheap sensors, and then detailed measurement is subsequently taken in those areas by using MMS. It will be possible to efficiently detect where changes in the road environment happen because data from regular vehicles can be frequently acquired, and the accuracy of the updated map would be consistent because MMS is used to acquire data for the map update. Thus, the proposed framework will contribute towards the sustainable updating of 3D road maps. The research in this paper focuses on the first step, and visualizes the location of change in the street to enable us to quickly and easily understand where changes in the road environment occur. We deal with point cloud data in this paper because it is robust against climate and light conditions unlike image data. Moreover, point cloud data directly provides 3D information, while additional processing is required to obtain this information from image data. Nevertheless, there are several technical challenges that need to be addressed in order to achieve the proposed objective. Firstly, data from MMS and cheap sensors have different accuracies and point densities. The cheap sensors would also vary between themselves in terms of performance. Secondly, the measurement ranges of cheap sensors are likely to vary. Thirdly, the data would contain tentative changes, such as oncoming vehicles and pedestrians, which must be discriminated from real changes. We first align the low accuracy data with MMS data to adjust for position and rotation errors. We then apply the The research in this paper focuses on the first step, and visualizes the location of change in the street to enable us to quickly and easily understand where changes in the road environment occur. We deal with point cloud data in this paper because it is robust against climate and light conditions unlike image data. Moreover, point cloud data directly provides 3D information, while additional processing is required to obtain this information from image data. Nevertheless, there are several technical challenges that need to be addressed in order to achieve the proposed objective. Firstly, data from MMS and cheap sensors have different accuracies and point densities. The cheap sensors would also vary between themselves in terms of performance. Secondly, the measurement ranges of cheap sensors are likely to vary. Thirdly, the data would contain tentative changes, such as oncoming vehicles and pedestrians, which must be discriminated from real changes. We first align the low accuracy data with MMS data to adjust for position and rotation errors. We then apply the occupancy grid method [2] for change detection, because this method is robust to varying densities in the point cloud. In addition, we use Dempster-Shafer theory [3, 4] to discriminate between occlusions and real changes in the occupancy grid method. Finally, only real changes are detected based on occupancy rate transitions.
Related Work
This section largely describes related work in two areas, registration and change detection. Many of the prior studies in these areas have been independently developed. Registration is the process of superimposing acquired data on the model data by applying rotation and translation transformations. Generally, the process of registration is divided into course registration and fine registration. Course registration provides initial values for the process of fine registration. Before course registration, the detection and description of feature points are carried out. Thus, the first half of this section describes previous research on the detection and description of feature points, course and fine registration. Following that, change detection methods are introduced for both image and point cloud-based data.
Detection of feature points is generally done as a preparation for registration. Feature points are defined as points expressing geometrical features of objects such as edges and peaks. There are a variety of ways of extracting feature points. Some methods have developed as applications of methods in image processing. For example, 3DSIFT [5] is an application of SIFT (Scale Invariant Feature Transform) [6] for point cloud data. Similarly, 3DHarris [7] is also an application of an image processing method. Guo et al. [8] provide a review of research that compares these detection methods.
After feature points in multiple point cloud data are detected, they are associated, and their description is carried out. Association methods are mainly divided into two categories. Methods of the first category describe the relationship between a point of interest and its neighbors, and those of the second category focus on relationships between pairs of interesting points [9] . In the first category, the Spin Image method and its derivations are widely used [10] . Some methods use normal vectors as descriptors of feature points, such as Point Feature Histogram (PFH) [11] , Fast Point Feature Histogram (FPFH) [12] , derivations of PFH on calculating cost, and Signature of Histogram of OrienTations (SHOT) [13] . In the second category, the Point Pair Feature (PPF) method picks a pair of points, and uses the distance and the angle of the normal vector as feature values [14] . The first category is known to be robust against noise, and the second is robust against occlusion. In addition to these, methods that use not only geometrical features but also color information have been developed, such as Color-SHOT [15] and PFHRGB [16] . Prior research has shown that using feature points reduces calculation costs, but does not always improve registration results [17] . Moreover, it is reported that the performance of descriptors depends on the shape of the objects [18] .
Course registration methods can be classified into two types [19] . Methods of the first type associate points based on feature values calculated at several points. In this category, the methods that extract features such as spin image or principal component analysis are used to detect overlapping parts between data of interest. Methods of the second type work with matching points. The greedy initial alignment method and the SAmple Consensus Initial Alignment (SAC-IA) method are used together with PFH and FPFH, respectively. Course registration provides initial values for fine registration. There has been much research on fine registration, but the Iterative Closest Point (ICP) algorithm is the most classic and well-known example [20] . At about the same period when the ICP algorithm was developed, similar research using depth images was done [21] . There are several research publications on the selection of point pairs in the ICP algorithm. In a previous study [22] , random sampling points are set as feature points, and similarly, in another method, the feature points are randomly selected in each registration [23] . For these methods, the normal space sampling method is introduced to make them more efficient and robust to noise [24] .
Other than a few exceptions [25] , most of the change detection methods only use image or point cloud data. In this study, we only work with point cloud data. To detect changes between two point clouds, a basic method is to look for differences based on the distance between points. If the distances between pairs of points are larger than a threshold, then this area is considered to have changed. However, this approach is not robust against noise or differences in point density. The Hausdorff distance is known to be robust against data damages [26] .
The distance-based approach also has the disadvantage that it does not distinguish between occlusions and real changes because the distance between corresponding points tends to be larger in that area. Thus, some research has tried to distinguish real change from occlusion. Some research has used the occupancy method with Dempster-Shafer theory to deal with this problem, and have applied point cloud data from ALS (Airborne Laser Scanning) in two periods [27, 28] , and data from MMS [29, 30] . The occupancy grid method was developed in robotics to build an environment map for an autonomous moving robot. The updating of the map is based on Bayes' theory in many cases [31] . On the other hand, the introduction of Dempster-Shafer theory allows us to consider occlusion explicitly. However, because frameworks using Bayes' theory require lower calculation costs than those using Dempster-Shafer theory, the latter approach has not been used much, while its advantages have nevertheless been confirmed [32, 33] .
While previous studies using the occupancy grid method with Dempster-Shafer theory have had the advantage of being able to distinguish real changes from occlusions, another problem remains. They have been able to successfully reject occlusions, but the results contain tentative changes of oncoming vehicles and pedestrians. Due to this, they cannot be directly applied for updating the map. Methods for the detection of moving objects have been separately developed, mainly in the image processing fields [34] . Recently, integrated methods for both images and point clouds have appeared [35, 36] , but the detection of changes and moving objects are yet to be integrated.
Based on the above summary of related work, the challenges are summarized as follows:
• Distinguishing real changes from occlusions and tentative changes,
•
Detecting changes in point cloud data with varying accuracies and point densities,
Integrating registration and the above change detection, and visualizing the result.
Method
Overview of the Proposed Method
This research utilizes two types of point cloud data. One is acquired using MMS, which is used for building a 3D road map, and data of the second type is obtained from cheap sensors equipped in regular vehicles that have automatic driving or a driver supporting system. The first point cloud is denser and has higher accuracy than the data of the latter type. On the other hand, the data with lower accuracy can be acquired low cost and, more frequently, and has the three characteristics mentioned in Section 1. In this research, we refer to the former as "base data", and the latter as "sequential data" (Table 1 ) in observation order. To deal with those characteristics, the proposed method consists of two parts, the registration and the occupancy grid methods (Figure 2) . Initially, the sequential data are geometrically corrected and superimposed on the base data in the registration process. We apply the ICP algorithm for this purpose. Since all data used in this study has the same coordinate system, the ICP algorithm can be applied directly. When the data has different local coordinate system, coarse registration will be required to give the initial value for the fine registration such as the ICP algorithm. In the occupancy grid method, the point cloud data space is divided into voxels, and those voxels that contain points from the point cloud are examined. If a voxel includes at least one point, then occupancy rates would be calculated by using a probabilistic sensor model that considers the error of measurement. After occupancy rates are calculated for all data, they will be successively updated by using the calculated result in each part of the data. Finally, based on the changes in the patterns of occupancy rates, the changes in the road environment and tentative changes caused by moving objects are detected and identified. 
Registration
With geometric correction, sequential data are superimposed on the base data. If the gap between the base data and sequential data is large, there would be false identifications of changes even when the road environment has not actually changed. To address this, the registration process is needed before change detection with the occupancy grid method. In this research, we adopt the ICP algorithm. Commonly, before applying a fine registration method like the ICP algorithm, course registration is applied to provide the fine registration method with initial values. However, the sequential data used in this research can be directly applied for fine registration from the experimental results as mentioned in Section 3.2.1. Therefore, we skip the course registration step and directly apply the ICP algorithm in this research.
Estimation of Occupancy Rate
Occupancy Status at Voxels
The occupancy grid method is applied for change detection. As already stated, some previous research has also applied this method for change detection between two point clouds acquired at different times, but the results contain all differences between the two point clouds, including tentative changes and differences in the measurement area. This research uses only the framework of the occupancy grid method, and calculates occupancy rates in the data obtained from each regular vehicle. Occupancy rates are probabilistic expressions of the occupancy status, and this research follows previous work to calculate these rates [28] . Subsequently, occupancy rates are successively updated by each calculation result to detect only road environment changes. 
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Estimation of Occupancy Rate
Occupancy Status at Voxels
The occupancy grid method is applied for change detection. As already stated, some previous research has also applied this method for change detection between two point clouds acquired at different times, but the results contain all differences between the two point clouds, including tentative changes and differences in the measurement area. This research uses only the framework of the occupancy grid method, and calculates occupancy rates in the data obtained from each regular vehicle.
Occupancy rates are probabilistic expressions of the occupancy status, and this research follows previous work to calculate these rates [28] . Subsequently, occupancy rates are successively updated by each calculation result to detect only road environment changes.
In the first step of the occupancy grid method, the point cloud data space is divided into three-dimensional grids, known as voxels. Following this, the "occupancy status" is defined based on the existence of points from the point cloud in each voxel. Occupancy statuses are classified into three categories: occupied, empty, and unmeasured. A voxel containing at least one point is regarded as "occupied", because it would contain an object or at least a part of it. When a voxel does not have any points and is included in the observation area, it is labeled as "empty". If the voxel does not belong to the measurement area of both the base data and sequential data, it is considered "unmeasured". With the "unmeasured" category, the method can explicitly discriminate between road environment changes and data differences due to measurement ranges. Both empty and unmeasured voxels do not include any points, so an additional method is needed to distinguish between them. Following previous research, Bresenham's line-drawing algorithm [37] is employed to detect empty voxels. After each point and scanner position is aligned, Bresenham's line-drawing algorithm calculates the path of the LASER rays from the scanner to the object, and identifies the voxels that the rays pass through. These voxels can be considered empty, and the other voxels are unmeasured. The voxel size should be specified carefully because it has a crucial influence on the result and computational time.
As will be explained in Section 3.2.1, the voxel size is set as 0.5 m on a side by taking into account the target size.
Sensor Model
The probabilistic concept of the occupancy status is introduced in preparation for the sensor model. The model considers the measurement error and expresses the probability of each occupancy status in a voxel. Let the probabilistic expression of an occupancy status be called the "occupancy rate" in this research. The occupancy status of a voxel is either empty or occupied in real space. These possibilities can be represented as the universal set U = {emp, occ}, where {emp} and {occ} stand for empty and occupied, respectively. On the other hand, the measurement results are classified empty, occupied and unmeasured. Accordingly, the set of measurement results has to be considered as the power set of U, namely 2 U = {φ, emp, occ, unm}, where {unm} stands for unmeasured. The belief mass m can then be defined as satisfying the following three mathematical conditions:
Equations (1) and (2) are equivalent to the definition of ordinary probabilistic measurement, but Equation (3) is a unique condition of the Dempster-Shafer theory. Equation (3) can be expressed as follows:
Equation (3) allows us to explicitly consider the ignorance from the lack of information. If other evidence is added, m({unm}) would become small and the difference would be allocated to m({emp}) and m({occ}). Thus, the belief masses m({emp}) and m({occ}) are dynamically calculated. In other words, the uncertainty m({unm}) gradually becomes small, and m({emp}) and m({occ}) are explicitly specified through successive observations. In this research, ignorance or uncertainty from lack of information corresponds to unmeasured from lack of observation. Explicitly examining unmeasured voxels would enable the differentiation between road environment changes and differences in measurement areas.
Based on the concept of occupancy rates, the sensor model can be introduced. Before explaining the mathematical expressions of the sensor model, it might be helpful to refer to the ideal situation. If there were no measurement errors involved, the occupancy rates would be expressed as in Figure 3 . Each occupancy rate is explicitly classified without fuzziness, and it is easy to distinguish between empty, occupied, and unmeasured voxels. However, there are many errors to be considered in actual measurement. This research considers two types of errors. One is the horizontal direction error of LASER rays, and the other is the vertical direction error. Figure 4 depicts the error in the horizontal direction. In the case of an ideal sensor, the occupancy rate can be represented as a step function. However, a step function is not enough to express the errors in actual measurement. Therefore, a sigmoid function is introduced to represent fuzziness, as sigmoid functions are frequently used for smoothing step functions.
Measurement errors related to the vertical direction also exist. These kinds of errors are caused due to the following reasons: (i) A LASER ray expands like a cone after being launched from the sensor; (ii) the error remains after registration; and (iii) there are other random errors of measurement. A Gaussian distribution is applied for representing such kinds of errors because the LASER used for measurement is often modeled as a Gaussian beam, and other random errors should follow a Gaussian distribution. to be considered in actual measurement. This research considers two types of errors. One is the horizontal direction error of LASER rays, and the other is the vertical direction error. Figure 4 depicts the error in the horizontal direction. In the case of an ideal sensor, the occupancy rate can be represented as a step function. However, a step function is not enough to express the errors in actual measurement. Therefore, a sigmoid function is introduced to represent fuzziness, as sigmoid functions are frequently used for smoothing step functions. Measurement errors related to the vertical direction also exist. These kinds of errors are caused due to the following reasons: (i) A LASER ray expands like a cone after being launched from the sensor; (ii) the error remains after registration; and (iii) there are other random errors of measurement. A Gaussian distribution is applied for representing such kinds of errors because the LASER used for measurement is often modeled as a Gaussian beam, and other random errors should follow a Gaussian distribution. 
Occupancy Rate Calculation
At first, it is necessary to standardize a location in voxels for calculating occupancy rates. The occupancy rates in a voxel are defined as the ones at the center of the voxel in this research. Accordingly, the sensor model also should consider the distance between the center of the voxel to be considered in actual measurement. This research considers two types of errors. One is the horizontal direction error of LASER rays, and the other is the vertical direction error. Figure 4 depicts the error in the horizontal direction. In the case of an ideal sensor, the occupancy rate can be represented as a step function. However, a step function is not enough to express the errors in actual measurement. Therefore, a sigmoid function is introduced to represent fuzziness, as sigmoid functions are frequently used for smoothing step functions. Measurement errors related to the vertical direction also exist. These kinds of errors are caused due to the following reasons: (i) A LASER ray expands like a cone after being launched from the sensor; (ii) the error remains after registration; and (iii) there are other random errors of measurement. A Gaussian distribution is applied for representing such kinds of errors because the LASER used for measurement is often modeled as a Gaussian beam, and other random errors should follow a Gaussian distribution. 
At first, it is necessary to standardize a location in voxels for calculating occupancy rates. The occupancy rates in a voxel are defined as the ones at the center of the voxel in this research. Accordingly, the sensor model also should consider the distance between the center of the voxel 
At first, it is necessary to standardize a location in voxels for calculating occupancy rates. The occupancy rates in a voxel are defined as the ones at the center of the voxel in this research. Accordingly, the sensor model also should consider the distance between the center of the voxel and a point. The distance between the center of voxel g and the point location p are considered. The longitudinal distance d x and the transverse distance d y are defined as follows:
where r 0 is the unit vector on the line from the sensor to the observed point. By using two distances d x and d y , the belief mass of each occupancy status at the voxel center g is defined as follows:
The parameter λ controls the gradual transition from occupied to empty and unmeasured, c corresponds to the fuzziness of the occupied space, and κ expresses the expansion of the LASER ray.
Generally, there are several points in one voxel. If the voxel contains only one point, then the calculated result would directly represent the occupancy rates of this voxel. However, if there are several points in the voxel, the occupancy rates from each point would be integrated to one value by the Dempster's rule of combination. In the Dempster's rule of combination, two belief masses m 1 and m 2 acquired from independent observations are generally combined by the following equation:
When this rule is applied to this research, Equation (11) can be expressed as follows:
where Con = m 1 ({emp})m 2 ({occ}) + m 1 ({occ})m 2 ({emp}).
Change Detection by Transition of Occupancy Rate
For identifying the changes in the road environment, it would be useful to use the dynamic changes of occupancy rates by combination. There are unique patterns of occupancy rate transitions for each difference in the data. After calculating the occupancy rates in each voxel for all data, the occupancy rates are also combined by Dempster's rule of combination in units of voxels. If any kind of change takes place, the occupancy rates will likewise change. Figure 5 shows the relationship between transitions of occupancy rates and changes in the road environment. As mentioned in Section 2.1, the sequential data are following the order of observation.
In the case that some data include tentative changes such as oncoming vehicles or pedestrians, the change of occupancy rates will occur only when the data with tentative changes are combined (Figure 5a ). Because the data without tentative changes are combined after the data with tentative changes, the occupancy rates will return to the original state. When a change in the road environment occurs, the occupancy rate will start to change (Figure 5b) . In this process, the magnitude of changes in the occupancy rates tend to gradually decrease as each occupancy rate becomes close to 0 or 1. Accordingly, tentative changes and changes in the road environment are identified as follows: In a road environment change, (i) there is a large difference between the original occupancy rate and the final rate; (ii) the occupancy rate does not return; and (iii) the magnitude of change in the occupancy rate gradually decreases. Moreover, the areas observed with some sequential data show changes in the occupancy rate only when the data measuring those areas are combined, and, otherwise, the rates do not change (Figure 5c ). Information on sensor specifications and measurement paths allow us to find the places that are observed in some sequential data. The occupancy rates change only when vehicles pass through those places. Therefore, if the occupancy rates change only in specific data, these changes would have happened not because of road environment changes but due to different measurement areas. By using these three patterns, it is possible to distinguish the road environment changes from other changes. combined (Figure 5a ). Because the data without tentative changes are combined after the data with tentative changes, the occupancy rates will return to the original state. When a change in the road environment occurs, the occupancy rate will start to change (Figure 5b ). In this process, the magnitude of changes in the occupancy rates tend to gradually decrease as each occupancy rate becomes close to 0 or 1. Accordingly, tentative changes and changes in the road environment are identified as follows: In a road environment change, (i) there is a large difference between the original occupancy rate and the final rate; (ii) the occupancy rate does not return; and (iii) the magnitude of change in the occupancy rate gradually decreases. Moreover, the areas observed with some sequential data show changes in the occupancy rate only when the data measuring those areas are combined, and, otherwise, the rates do not change (Figure 5c ). Information on sensor specifications and measurement paths allow us to find the places that are observed in some sequential data. The occupancy rates change only when vehicles pass through those places. Therefore, if the occupancy rates change only in specific data, these changes would have happened not because of road environment changes but due to different measurement areas. By using these three patterns, it is possible to distinguish the road environment changes from other changes. 
Results
Data
Specification of Data
Two kinds of point cloud data are considered in this research. One is acquired using MMS for building the 3D road map, and another is sequential data that is routinely acquired by regular vehicles. However, current vehicles do not yet capture such sequential data. Therefore, for the purpose of this study, sequential data are synthetically created from the base data. The base data 
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Data
Specification of Data
Two kinds of point cloud data are considered in this research. One is acquired using MMS for building the 3D road map, and another is sequential data that is routinely acquired by regular vehicles. However, current vehicles do not yet capture such sequential data. Therefore, for the purpose of this study, sequential data are synthetically created from the base data. The base data was acquired using Nikon-Trimble's MX-5 (Tokyo, Japan), which is equipped with GNSS (Global Navigation Satellite System) and IMU (Inertial Measurement Unit) measuring devices, POS (Position and Orientation System) LV 520 (Applanix, Richmond Hill, Canada), and one LASER scanner, the Riegl VQ 450 (Horn, Austria). The area of interest is the intersection in Umeda, Osaka Prefecture, Japan. The specifications for sequential data were decided by referring to sensors released several years ago. Sequential data would contain position and rotation errors, their densities would be lower, and their measurement ranges would be narrow in comparison with base data. In addition, the specifications of sequential data would vary because these data are acquired by different vehicles. However, it is almost impossible to precisely estimate sensor specifications of the future, so this research considers only two kinds of sequential data. Here, we refer to the two sets of sequential data as (A) and (B), and assume that (A) has higher performance than (B). The differences between (A) and (B) can be expressed in four variables: position accuracy, angle accuracy, point density and measurement range. It is important to point out here that the data from cheap sensors are acquired more frequently. According to the above assumptions, the specifications of the two sets of sequential data are decided as shown in Table 2 . Both sets of sequential data are created as follows: first, position and angle errors are added to the base data. Next, their point densities are lowered. Finally, a part of the measurement area is cut. The measurement areas in the data vary due to two reasons. The first is due to the various trajectories of vehicles. If some vehicles measure certain areas, others might not measure those areas. In addition, the varieties of sensors have an influence on the measurement areas. Higher performance sensors would cover wider ranges, and these differences are caused by different performances in terms of distance and angle measurement. This experiment considers different measurement areas in the horizontal and vertical directions. The former corresponds to the trajectory difference and the performance difference in terms of distance, and the latter corresponds to the difference in angle measurement. Figure 6 shows the plan view of the area of interest. The base data can cover the whole area, but sequential data can only measure a part of it, and sequential data (A) and (B) have different measurement ranges. Similarly, Figure 7 shows an elevated view of the area of interest. Base data and sequential data (A) are set so as to measure the same range, while sequential data (B) has a narrow range.
trajectory difference and the performance difference in terms of distance, and the latter corresponds to the difference in angle measurement. Figure 6 shows the plan view of the area of interest. The base data can cover the whole area, but sequential data can only measure a part of it, and sequential data (A) and (B) have different measurement ranges. Similarly, Figure 7 shows an elevated view of the area of interest. Base data and sequential data (A) are set so as to measure the same range, while sequential data (B) has a narrow range. 
Road Environment Change and Tentative Change
Based on the degree of change, two scenarios are considered in the experiment. The first is the large-scale change scenario, in which the road structure, such as the width of the roadway, is changed. The second is the small-scale change scenario, in which some road features such as pole structures and signboards are changed. The location and changed features are shown in Figure 8 and Table 3 , respectively. 
Based on the degree of change, two scenarios are considered in the experiment. The first is the large-scale change scenario, in which the road structure, such as the width of the roadway, is changed. The second is the small-scale change scenario, in which some road features such as pole structures and signboards are changed. The location and changed features are shown in Figure 8 and Table 3 , respectively.
Data acquired at different times is likely to contain tentative changes. Pedestrians and oncoming cars are added to and removed from base data. The shadow area would also change when tentative changes occur. However, the data used contain errors in corresponding points and vehicle trajectories, so the parts that fall in shadow areas are expressed only when they can be easily and clearly reconstructed. In order to decide the number of pedestrians and vehicles to account for in our study, we refer to the 2010 transportation census of the Osaka Prefecture. Since we only have base data as of today, tentative changes are synthetically added to sequential data.
Based on the degree of change, two scenarios are considered in the experiment. The first is the large-scale change scenario, in which the road structure, such as the width of the roadway, is changed. The second is the small-scale change scenario, in which some road features such as pole structures and signboards are changed. The location and changed features are shown in Figure 8 and Table 3 , respectively. Data acquired at different times is likely to contain tentative changes. Pedestrians and oncoming cars are added to and removed from base data. The shadow area would also change We prepared a total of ten instances of data for change detection in each scenario. The first data instance is the base data, and the others are sequential data. All instances of sequential data contain tentative changes, and just four of the nine data instances record road environment changes. Performances of sequential data, (A) and (B), are randomly set in the nine data instances called sequential data number because the data would be acquired randomly by different sensors in realistic situations. The number of data and observed changes are shown in Table 4 . Moreover, it is assumed that there is prior knowledge on which data contain road environment changes. While this assumption might seem to be strong, it was difficult to carry out change detection in the pilot experiment without any prior knowledge. Accordingly, it is assumed to be a given that road environment changes are observed in sequential data numbers 6, 7, 8, and 9 in this experiment. 
Experimental Results
Parameters Setting
The ICP algorithm is implemented by using the Point Cloud Library (PCL) [16] . The distance for finding corresponding points is set as 0.1 m for all data, and the number of iterations for each data instance is decided based on pilot trials. The size of voxels is a crucial factor in change detection because it determines the resolution and minimum size of detectable change. In this experiment, voxels are set as 0.5 m × 0.5 m × 0.5 m cubes to detect small road objects. The parameters of the sensor model also have a significant influence on the results. In this study, we arrive at the values of the parameters experimentally and verify the effectiveness according to previous research. This experiment considers three kinds of data: base data, sequential data (A) and sequential data (B). For each kind of data, the parameters are set as (λ, c, κ) = (8,10,6), (10, 8, 12) , (20, 10, 18) . In this paper, the tendency of the relationship between the parameters and occupancy rates is examined through trial and error. These parameter values are decided for the purpose of making occupancy rates different in each kind of data.
Registration
The registration results are shown in Figure 9 . The cloud-to-cloud distance is used for evaluating the results. This distance is the nearest neighbor distance between two point clouds, and the base data is used as a reference. This experiment uses the standard function implemented in Cloud Compare [38] to measure the distance. 
Tentative Changes and Differences of Measurement Areas
Before examining the detection of road environment changes, we refer to the results for tentative changes and differences of measurement areas. The results for tentative change are shown in Table 5 . The sequential data number 9 (performance (B)) is included in calculation, but the result is excluded from Table 5 because the occupancy rates do not change after combination of final data and change detection is impossible. The criteria for determining whether an identification is correct or incorrect is as follows. If at least one voxel recognizes the tentative change as a road environment changes, then the result is a failure. Otherwise, the detection is a success. Next, Figure 10 shows the results for measurement differences. The figure captures the change of occupancy status to occupied after the correcting process has been applied, as mentioned later. The horizontal and vertical differences are successfully prevented from being misclassified. 
Before examining the detection of road environment changes, we refer to the results for tentative changes and differences of measurement areas. The results for tentative change are shown in Table 5 . The sequential data number 9 (performance (B)) is included in calculation, but the result is excluded from Table 5 because the occupancy rates do not change after combination of final data and change detection is impossible. The criteria for determining whether an identification is correct or incorrect is as follows. If at least one voxel recognizes the tentative change as a road environment changes, then the result is a failure. Otherwise, the detection is a success. Next, Figure 10 shows the results for measurement differences. The figure captures the change of occupancy status to occupied after the correcting process has been applied, as mentioned later. The horizontal and vertical differences are successfully prevented from being misclassified. and change detection is impossible. The criteria for determining whether an identification is correct or incorrect is as follows. If at least one voxel recognizes the tentative change as a road environment changes, then the result is a failure. Otherwise, the detection is a success. Next, Figure 10 shows the results for measurement differences. The figure captures the change of occupancy status to occupied after the correcting process has been applied, as mentioned later. The horizontal and vertical differences are successfully prevented from being misclassified. 
Road Environmental Change
Three out of four road environment changes, called large-scale changes in this paper, are successfully detected. Two of these changes are expansions of the median strip, and the other is a change from street-side trees to a roadway. However, there are many excessive and incorrect detections as shown in Figure 11 , and it is difficult to isolate only road environment changes. Figure 11 only visualizes the results for which the occupancy status has changed to occupied, but results for the change to empty also contain quite a few misdetections. Therefore, a correcting process is needed for dealing with incorrect detections. A large number of misclassified voxels have the following characteristics. The first is that they are distributed discretely. In other words, they have few neighboring voxels. Second, the incorrect classification is frequently observed in areas where the density is low, such as the area far from the MMS trajectory and behind plantings or fences. A voxel that satisfies the following conditions is removed in the correcting process: (i) the number of voxels neighboring the voxel is less than three; (ii) the area behind plantings or fences; (iii) the area is not within the roadway. After applying the correcting process, the results significantly improved (Figure 12) . However, the area marked by the blue ellipse still contains incorrect detections.
few neighboring voxels. Second, the incorrect classification is frequently observed in areas where the density is low, such as the area far from the MMS trajectory and behind plantings or fences. A voxel that satisfies the following conditions is removed in the correcting process: (i) the number of voxels neighboring the voxel is less than three; (ii) the area behind plantings or fences; (iii) the area is not within the roadway. After applying the correcting process, the results significantly improved (Figure 12) . However, the area marked by the blue ellipse still contains incorrect detections. The results for small changes, such as in the road structure, are mainly divided into four categories as in Table 6 . The table represents the real environment states in the first and third columns, and the observation state in the second column. If an object originally exists but is occluded, then the first column is occupied, and the second column is unmeasured. Pattern (a) is a change to empty, and the detection failure in which only a part or nothing of the object is correctly The results for small changes, such as in the road structure, are mainly divided into four categories as in Table 6 . The table represents the real environment states in the first and third columns, and the observation state in the second column. If an object originally exists but is occluded, then the first column is occupied, and the second column is unmeasured. Pattern (a) is a change to empty, and the detection failure in which only a part or nothing of the object is correctly detected is frequently observed. Pattern (b) is observed when the occupied or empty voxels change to unmeasured. In this pattern, the occupancy rates do not change at all, so these kinds of changes cannot be detected by the proposed method. Pattern (c) is a change from empty to occupied, and there can be a detection failure here like in pattern (a). On the other hand, in pattern (d), when an unmeasured area in the base data changes to occupied, good results can be acquired. However, there are areas where there can be an over-detection, which makes it difficult to isolate only the changed area, and therefore additional correcting processing is needed. 
Discussion
Registration
The registration results ranged from 5 mm to 70 mm in terms of cloud-to-cloud distance. The interpretation of registration results is not straightforward because there are no theoretical relationships between registration performance and the results of change detection. When there remain such large gaps after registration, the change detection might not be expected to succeed. However, the size of voxels and the data specifications also have a significant influence on the results of change detection. Moreover, the size and shape of the target objects also influence the result. Considering these issues, the performance of the registration process must be evaluated based on the results of change detection. Figure 12 shows one incorrect detection due to an error left behind by the registration process, as mentioned in Section 4.2.2.
The results for sequential data (A) tended to be poorer than those for sequential data (B), especially sequential data 1 while data (A) is denser and covers a broad area. The reasons are not clear from the assessments based only on this experiment, but some of the poor results might occur because data (A) tend to fall into a local solution. Moreover, the relationship between the density and results of the registration process could be due to the evaluation method. This experiment uses the cloud-to-cloud distance, but there are other methods to calculate the distance between two-point clouds. Future work must explore other methods for evaluating registration results.
Change Detection
Different Measurement Areas and Tentative Changes
As shown in Figure 12 , the areas that were recorded only in the base data and sequential data (A) can be successfully identified and incorrect classifications can be avoided. Among sequential data numbers 6, 7, 8, and 9, only data number 8 has a wide measurement range (performance (A)), and there were areas labeled unmeasured in sequential data numbers 6, 7 and 9, which only sequential data number 8 could measure. As a result, there are no incorrect detections, and this demonstrates the importance and effectiveness of explicitly defining the "unmeasured" occupancy status.
With regards to tentative changes, Table 5 shows that incorrect classifications occur when objects are added and appear. These areas are regarded as unmeasured, except for the parts with tentative changes. When m({occ}) increases, the occupancy rates do not return when m({unm}) = 1 is combined.
On the other hand, the results for removals or disappearances are good. However, these results should be interpreted carefully. Initially, if an object is removed and the corresponding area becomes unmeasured, the occupancy rates would not change at all. As a result, the occupancy of the area might not have changed, although the object is actually removed. Secondly, low point densities tend to improve m({emp}) or m({unm}) and suppress m({occ}) before real changes occur, so the removal or disappearance of objects does not have any influence on the occupancy rates. Due to this, the voxel also does not show a transition in its occupancy rates. Therefore, we must be careful while interpreting this result, and more explicit methods of evaluation are needed in the future.
Large-Scale Change Scenarios and Correcting Processes
Three out of four changes can be successfully detected by the proposed method. These areas change from unmeasured to occupied, so it shows clear changes in the occupancy rates, and the smaller effect of point density. If smaller changes need to be detected, or more detail is needed in the detected changes, it would be effective to make the size of the voxels smaller. However, using smaller voxels increases the calculation time because the number of voxels also increases. Thus, the size of the voxels should be determined by considering the potential tradeoffs between accuracy and calculation cost.
As mentioned in Section 3.2.4, a correcting process is needed to improve the visibility so that we can easily and accurately recognize road environment changes. The main cause of misdetection is low density in the point cloud data. In particular, the point cloud tends to be sparse in the areas behind plants or fences, and far from the trajectory of vehicles. Due to this, sequential data in these areas have low densities and this leads to misclassifications. In this research, additional processing is applied and most of these misclassifications can be successfully removed. This process is manually executed in this experiment, but it is also be possible to implement this automatically. However, the extent to which this correcting process can be applied in other situations must be examined in future work. The removal conditions were decided ad hoc for this experiment, so it is necessary to establish more general processes and methods in the future. In addition, when similar processing is applied in the small-scale scenario, small objects are also removed because they are contained in only a few voxels. Further examination and research on reducing incorrect detections are needed in the future.
Even after applying additional processing, some areas and objects were still incorrectly detected. At first, the removal of the median strip could not be detected well. The reason for this could be that the height of the median strip is much lower than the voxel size of 0.5 m, and the occupancy rates do not change due to low density. Secondly, the misclassifications remain shown in two blue circles in Figure 12 . The incorrect result in small circles can be regarded as errors. It is quite difficult to distinguish the areas in large circles from misclassification. The broad area in Figure 12 is incorrectly recognized to be changed to occupied. The transitions of occupancy rates show that rates in this area mainly changed when sequential data numbers 6 and 7 (both performance (B)) were combined, even though the registration results in Figure 9 are not worse than in other data. Figure 13 shows the elevation distribution of the base and sequential data after registration as seen from above. The red parts are detection results that changed to occupied. The elevation of the blue parts is less than 3.23 m, and that of the green parts is higher than 3.23 m. 3.23 m is the boundary height between voxels in this experiment. The areas incorrectly detected fall in the blue parts, except in sequential data numbers 6 and 7. Therefore, this area is covered by voxels in sequential data numbers 6 and 7, and that, as a result, changes occupancy rates. We thus infer that errors after registration cause this large incorrect detection. This experiment uses cloud-to-cloud distances for evaluating registration results, but this misdetection implies that this criterion is insufficient. If registration is perfect and two point clouds are completely aligned with each other, the distance should be zero. Thus, the distance between the point clouds represents the error after registration. However, this error can be divided into translation and rotation errors, and this misdetection is likely to be caused by the latter. We therefore suggest that there should be evaluation criteria for registration that explicitly consider the rotation error.
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Small-Scale Change Scenario
The change from unmeasured to occupied is well detected (pattern (d)). When high m({occ}) is combined with an unmeasured area, the change in the occupancy rate clearly appears. Moreover, even if some points are not included in a voxel due to low point density, the occupancy rates remain because occupancy rates stay constant when m({unm}) = 1 is combined. In other words, pattern (d) is robust case against point density. However, the change from occupied to empty (pattern (a)) and the change from empty to occupied (pattern (c)) are not always detected well. Theoretically, the occupancy rates should change after road environment changes occur. However, m({emp}) or m({unm}) become high in many voxels even before road objects actually disappear in pattern (a). This phenomenon is thought to be caused by low point density. The number of points in Figure 13 . Errors after applying registration. The red area pointed by the arrow is the incorrect detection.
The change from unmeasured to occupied is well detected (pattern (d)). When high m({occ}) is combined with an unmeasured area, the change in the occupancy rate clearly appears. Moreover, even if some points are not included in a voxel due to low point density, the occupancy rates remain because occupancy rates stay constant when m({unm}) = 1 is combined. In other words, pattern (d) is robust case against point density. However, the change from occupied to empty (pattern (a)) and the change from empty to occupied (pattern (c)) are not always detected well. Theoretically, the occupancy rates should change after road environment changes occur. However, m({emp}) or m({unm}) become high in many voxels even before road objects actually disappear in pattern (a). This phenomenon is thought to be caused by low point density. The number of points in a voxel becomes small even if the voxel corresponds to an occupied area. m({occ}) becomes significantly small before a change to empty happens and it disturbs the change detection by using transition of occupancy rates. Similarly, pattern (c) also contains a detection failure. Theoretically, m({occ}) should begin to increase and m({emp}) decrease after a change to occupied happens. However, m({occ}) is not always large in sequential data numbers 6, 7, 8, and 9 that include road environment changes because of low point density. Thus, the occupancy rates do not change as expected, and detection failure occurs. Selecting which data are used for change detection can be an effective solution to detection failures such as in pattern (a) and pattern (c). The main cause of misdetection is low point density, and the results are expected to improve if we use denser data from high performance sensors. This approach is not unreasonable because it is possible to have the sensor specifications along with the acquired data.
On the other hand, it is practically impossible to detect changes to unmeasured (pattern (b)). When the occupied area become unmeasured, only m({unm}) = 1 is combined and rates do not change at all. The proposed method depends on changes in the occupancy rates, so it cannot detect changes that are not related to transitions of occupancy rates. While the experiment does not consider change from empty to unmeasured, it is also impossible to detect any changes by the proposed method. Using other data acquired from different trajectories and angles might be effective in detecting these changes. However, this cannot be said to be a limitation of the proposed method, and further research and methods are left as future work.
Conclusions
In this paper, we proposed a change detection method by using low accuracy but high frequency point cloud data. The proposed method is a series of steps from registration to the visualization of the results. Much of the prior research work tended to focus on sensors with same specifications. The method that we propose deals with map updating in more realistic situations. A novel contribution of this work is the use of occupancy rate transitions through a series of multiple point clouds to discriminate real changes from tentative changes. The experimental results demonstrate that the proposed method can distinguish the real changes from other differences in the data. Moreover, we reflect on the relationship between registration and change detection, and infer that the evaluation criteria for registration must specifically consider rotation error.
There remain several challenges associated with this method for future researchers to address. The voxel size is assumed to be homogeneous in this study. It can be extended to the heterogeneous sized voxel such as octrees, and then it leads to more efficient and effective methods for huge amounts of data. The sensor model and parameters were selected experimentally. Further consideration towards the development of the sensor model is required, so that the model might directly influence the results of change detection. In addition, while the parameters were specified experimentally, the automatic specification of parameters and detailed sensitivity analysis are needed. For this purpose, the machine learning method will be expected. Furthermore, methods to improve the rate of correct detection are important. In this experiment, similarities were found in the areas that were incorrectly detected, which made it possible to apply additional processes to rectify the incorrect detections. However, it might not always be possible to find such similarities. Therefore, future work must look to improve the proposed method independent of these similarities. Finally, we need to gather good quantities of realistic data that we can use in developing methods for detecting various objects in the street. The data to be provided by cheap sensors were manually created for the experiment in this work because such sensors do not exist at present. The synthetic data do not explicitly take into account error or noise against measurement. Such kind of error or noise will be included in order to generate more realistic data. We need to have data from various street environments and objects, as regular vehicles will be equipped with various sensors in actual traffic situations. The proposed method should be applied to real data to confirm significance of the method. Thus, additional experiments in other situations are required. After dealing with the various challenges expressed above, we can expect this research work to turn into a practical reality, and enable sustainable updating and applications of 3D road maps.
